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Abstract
It is well documented that a positive correlation exists between receiving welfare as
a child and depending on welfare as an adult. However, previous studies have not been
able to explore many aspects of this relationship. This paper uses a unique administrative
dataset for California, which follows welfare recipients since their teenage years until early
adulthood, to study the causal eects of dierent lengths of welfare exposure as a child
(conditional on welfare receipt) on future welfare dependency as a young adult.
The econometric analysis relies on the estimation of a generalized propensity score
(GPS) to remove the biases associated with dierences in the observed characteristics
of individuals. In addition, for some analyses, family-level unobserved heterogeneity is
controlled for by relying on pairs of siblings subject to dierent lengths of exposure.
The results show that there seems to be no causal eect of length of exposure on
future welfare dependency, after taking into account childbearing before age 18. Condi-
tional on childbearing before age 18, there are very small eects of length of exposure on
adult welfare dependency, but this dependency is more than twice as large for teenage
mothers than for non-mothers. All the results hold when controlling for unobserved het-
erogeneity. In addition, the length of exposure before age 13 does not seem to aect the
probability of childbearing before age 18. The results suggest that, at least regarding
the intensive margin on welfare use, policies like time-limits are not likely to reduce the
intergenerational correlation of welfare dependency.
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There is consensus among social scientists that there is strong intergenerational correlation in
welfare participation, in particular for women. The most recently estimate of this correlation
in the U.S. puts it at 0.30. This gure was obtained by Page (2004) by computing the
dierence between the probability that a woman participated in welfare conditional on her
parents having participated (0.47), and the probability that a woman participated conditional
on her parents not having participated (0.17).1 In this paper I focus on the rst of these two
conditional probabilities, studying the role of length of exposure to welfare as a child on the
probability (and intensity) of welfare dependency as an adult.2 The main question I try to
answer is whether there is a causal relationship between exposure and future dependency.
In addition, I explore the eects of the interaction of exposure and teenage childbearing on
welfare dependency.
A number of hypotheses have been advanced to explain the intergenerational transmission
of welfare dependency. They can be divided into two groups, depending on whether they pose
that the welfare system causes intergenerational dependency or not.
Those that hypothesize that there may be a causal eect, have suggested several chan-
nels for this eect. One of the channels through which welfare exposure can cause future
dependency is by lowering the stigma associated to welfare participation for the children
of welfare recipients (Antel, 1992; Mott, 1992).3 Another channel works by lowering the
transaction or information costs of future participation (Mott, 1992). For instance by al-
lowing children to learn to \play the system" (Antel, 1992, Gottschalk, 1996). In addition to
these \direct eects", Mott (1992) suggests that there could be \indirect eects" operat-
ing through the labor supply or human capital investment decisions of the family members
1Page (2004) calculates these probabilities using data on women in the Panel Study of Income Dynamics
(PSID) who were between the ages of 27 and 42 at the time of the 1993 interview. Her analysis uses a relatively
longer period than previous studies, which found the intergenerational correlation to be between 0.17 and 0.28.
See her study for more details.
2I will use the term welfare throughout this study to refer both to the Aid to Families with Dependent
Children (AFDC) program and the Temporary Assistance for Needy Families (TANF) program, which replaced
AFDC after 1996.
3Mott (1983) proposes a model of welfare stigma in which welfare participation appears as an additional
parameter in the utility function, either as a constant component, or as a variable component that depends
on the size of benets. He nds empirical evidence of a strong 
at stigma but not of a variable stigma. That
is, stigma aects the decision to go on welfare, and is not related to welfare benets.
1(including the child). A model that includes several of these mechanisms, and is in line
with many of the arguments in the public debate over the welfare system, is the \welfare
culture" model suggested by Mead (1986, 1992). Corcoran (1995) describes this model as
emphasizing the negative eects of the welfare system in \values, attitudes and behaviors
of parents and neighbors", the decrease in the stigma associated to the welfare system, and
the development of \self-defeating work attitudes and poor work ethics." According to the
model, these attitudes and behaviors are transmitted from the parents to the children. \In
addition, parental welfare recipiency provides children with poor role models for work and
marriage. Girls raised in welfare-dependent homes and communities are more likely to drop
out of high school, to have illegitimate births, and to go to welfare themselves" (Corcoran,
1995, pp. 244).
As Corcoran and Adams (1995) remark, most of the discussion on the negative eects
of the welfare system focuses on long-term dependency. This suggests that analyses of in-
tergenerational dependency should nd non-linear eects, where the intergenerational eects
become larger when parents rely heavily on welfare. An additional argument for expecting
non-linear eects is made by Beaulieu, Duclos, Fortin and Rouleau (2005), who hypothesize
that the eects of reduced stigma or learning the system should occur in relatively short
exposure periods. If this is correct, the marginal intergenerational eects would be stronger
under low intensive use of welfare. Together with the increasing eect of long-term exposure,
one would expect to nd a fairly non-linear relationship between exposure and future de-
pendency. The main focus of this study is identifying whether those hypothesized non-linear
eects exist, as a way of providing evidence bearing on whether a causal relationship underlies
the observed intergenerational correlation in welfare dependency.
The main argument against the causal hypothesis is that there are \correlated disad-
vantages" {it is not welfare exposure which causes intergenerational dependency, but other
parental disadvantages (Solon, Corcoran, Gordon and Laren, 1988; Antel, 1992; Corcoran,
1995; Gottschalk, 1990, 1992, 1996). For example, children raised in low-income families
might face limited educational opportunities that also aect their future employment oppor-
tunities, and which eventually make them dependent on welfare as adults. Alternatively, if
the parents live in a neighborhood with poor transportation and limited work opportunities,
which make them dependent on welfare aid, these factors may also aect the children as
adults if they live in the same neighborhood. In all these cases one would expect children's
welfare use patterns to be strongly correlated with their parent's use, but welfare itself would
not have any causal eect. One could expect also a correlation between the intensity of
exposure to welfare and future welfare use, but only because both are themselves correlated
with economic and social disadvantages.
The policy implications of these two dierent sources of intergenerational correlation in
welfare dependency are very dierent. If long-term welfare dependency creates a \culture of
welfare", then policies like time limits could be successful in ending long-term dependency
2for both the current generation and for future generations.4 Likewise, if the eects operate
through decreasing stigma or information costs, limiting access to welfare may have the eect
of decreasing future welfare dependency even for short-term welfare recipients. 5
On the other hand, if the observed correlation is just the outcome of correlated disadvan-
tages, then the policy implications would be very dierent. Policies would need to address
the barriers faced by both parents and children (for example, those related to educational
and employment opportunities, transportation availability, etc). Then, if providing enough
income to parents allows them to make the appropriate health and education investments in
their children, increasing the benets associated to welfare may be justied.6
To study the potential eects of length of exposure to welfare as a child on welfare de-
pendency as an adult, I use an administrative dataset comprised of all welfare recipients in
California in a 14-year period, which provides high quality information on welfare exposure.
To the best of my knowledge, this is the rst time that an administrative dataset has been
used to analyze the intergenerational correlation of welfare in the U.S.7
This data has several advantages. First, because of the availability of relatively long-term
information on monthly welfare use, it allows for a more detailed analysis of the nature of the
relationship between welfare exposure and future use than in the previous literature.8 Having
relatively long observation \windows" reduces the risk of having a \window problem" (Wolfe,
Haveman, Ginther and An, 1996), which arises when observing a variable for a short period of
time fails to appropriately represent the circumstances of events of the entire period.9 Second,
because the data on welfare use is monthly, it allows for a much better description of both
exposure and adult welfare use. All previous studies of the U.S. welfare system have relied on
the National Longitudinal Survey (NLS), the National Longitudinal Survey of Youth (NLSY),
or the Panel Study of Income Dynamics (PSID). In the earlier years these surveys only had
annual indicators of whether the family had participated in welfare, which could potentially
lead to overestimating welfare exposure and use. Although later both the NLSY and PSID
included monthly measures, these suer from \seam bias"{a disproportionate number of
monthly transitions are observed at the seams of the survey period (Pepper, 2000). Third,
the dataset used in this paper is much larger than the previously used datasets, and does not
4This was one of the arguments that occupied a prominent role in the public discussion leading to the
welfare reform of 1996, by which TANF replaced AFDC. Eliminating the \culture of welfare" was one of the
main objectives of this reform. In fact, the Personal Responsibility and Work Opportunity Reconciliation Act
of 1996 (PRWORA) that implemented the reform makes reference in its ndings to the fact that \children
born into families receiving welfare assistance are three times more likely to be on welfare when they reach
adulthood than children not born into families receiving welfare" (Government Printing Oce, 1996).
5If this logic is followed to the extreme, as Corcoran (1995) remarks, the policy implication would even be
to eliminate welfare altogether.
6This argument abstracts of the parent's labor-supply eects of higher benets.
7Beaulieu, Duclos, Fortin and Rouleau (2005) use a similar administrative dataset for Qu ebec, to analyze
the eects of exposure in the social assistance program in Canada.
8The available information allows to study up to eight years of welfare use during adulthood for some
cohorts.
9For example, Wolfe, Haveman, Ginther and An (1996) use 10-year windows (between the ages of 6 and
15) as appropriate representations of the entire childhood period.
3suer from typical problems associated to longitudinal surveys like attrition, underreporting
and non-response biases.10
There are disadvantages associated to the administrative nature of the data used in this
paper. First, it does not include many variables usually available in survey data. Second, it is
not a nationally representative survey. However, given that California represented on average
20% of the national caseload in the period under analysis, we can be reasonably condent
that any results obtained with this data will apply to the U.S. as a whole. Finally, the main
disadvantage of this dataset is that it is restricted to welfare recipients only. Hence, it is
not possible to compare the welfare dependency of those exposed to welfare as children with
that of those not exposed. Nevertheless, understanding the eects of exposure conditional
on welfare participation it still is very important for the policy debate on the welfare system.
This paper complements the existing literature on intergenerational transmission of wel-
fare dependency, in which the eects of length of exposure have not received much attention.11
The earlier literature on intergenerational transmission of welfare was surveyed by Mott
(1992). He found that all studies showed consistent evidence of positive correlation between
parental welfare receipt and the later behavior of daughters, but the results could not be
interpreted as causal. The main shortcoming of the earlier studies is that they do not control
for factors, unrelated to welfare exposure, aecting the welfare dependency of both parents
and daughters.
A group of later studies have addressed the issue of causality explicitly. Some of these
studies tried to account for unobserved heterogeneity directly in the estimation (Antel, 1992;
Gottschalk, 1992 and 1996; An, Haveman and Wolfe, 1993; Borjas and Sueyoshi, 1997).
Solon, Corcoran, Gordon and Laren (1988) studied pairs of siblings as a way of controlling
for unobserved family factors, while Levine and Zimmermann (1996) resorted to instrumen-
tal variables both for mother's welfare participation and income. Pepper (2000) performed
a non-parametric bounds analysis where bounds on the intergenerational eect were derived
from various identifying assumptions. A few studies (Gottschalk, 1992, 1996, and An, Have-
man and Wolfe, 1993) modeled also the probability of childbearing, not only welfare use by
daughters. Most studies found a causal eect of mothers' welfare participation on daugh-
ters' welfare participation, although the magnitude of the eects varies widely.12 Only a
few studies considered explicitly the eects of length of welfare exposure (McLanaham, 1988;
10This point is made by Beaulieu, Duclos, Fortin and Rouleau (2005) in their study using Canadian admin-
istrative data.
11The literature on intergenerational dependency is part of a large literature on the eects of parental welfare
receipt on a variety of children's outcomes. For a survey of the earlier studies in this literature, see Haveman
and Wolfe (1995). For an analysis of the eects on children outcomes of welfare reform, see Grogger and
Karoly (2005). For a recent survey of the intergenerational mobility literature see Black and Devereux (2010).
12Antel (1992) found positive eects as well as did Borjas and Sueyoshi (1997). An, Haveman and Wolfe
(1993) found positive eects in both the probability of having a teen-out-of-wedlock birth, and on AFDC
participation, conditional on childbearing, as did Gottschalk (1996). Solon, Corcoran, Gordon and Laren
(1988) found no eect of parental welfare receipt, while Levine and Zimmerman (1996) found a very small or
zero eect. Pepper (2000) found a variety of eects, depending on the identifying assumptions.
4Gottschalk, 1992, 1996; Pepper 1995, 2000), but no clear pattern emerges from the results.
As mentioned above, all these studies used either the NLS, NLSY or PSID, thus suering
from data limitations in measuring exposure, and from relatively small sample sizes. This
greatly hindered the scope of their analyses of the eects of length of exposure.13 Finally, the
study of the Canadian social assistance program by Beaulieu, Duclos, Fortin and Rouleau
(2005), employed administrative data on assistance recipients similar to the data used in this
paper. Using a model that jointly estimated parental and children assistance participation,
they found a U-shape non-linear relationship between parental receipt and children receipt,
which implies larger eects of exposure at both low and high levels of parental receipt.
The empirical strategy of this paper is dierent from those usually utilized in the prior
literature. Using program evaluation terminology, I treat length of exposure to welfare as a
multivalued treatment for which a causal treatment eect (or dose-response function) can be
estimated. A key component in this methodology if the estimation of a generalized propensity
score (GPS). The GPS, introduced by Imbens (2000), permits, as in the binary-treatment
case, removing the biases associated with dierences in the observed characteristics of indi-
viduals. I estimate this score by using a 
exible parametric specication, which succeeds in
eliminating a large fraction of the dierences in the observed characteristics of the women
subject to dierent lengths of exposure. As in much of the previous literature, only the eects
for daughters of welfare recipients are analyzed, because they are the most likely to depend on
welfare as adults (around 80% of adult welfare recipients are single mothers). Additionally,
to deal with potential unobserved family characteristics correlated with length of exposure
as a child and with welfare use as an adult, I conduct analyses on a subsample of pairs of
sisters subject to dierent lengths of exposure. This allows the removal of any unobserved
time-invariant family-level heterogeneity.14
The data shows that there is a strong positive correlation between welfare exposure as a
teenager and welfare use as a young adult. Even after adjusting for covariates, the probability
of any welfare use by women ages 19 to 22 with welfare exposure of only three months at
ages 13 to 17 is around 30%, compared to 45% for women with a length of exposure of 50
to 60 months. Nevertheless, once the causal treatment eects are estimated, this dierence
mostly disappears {the probability of any welfare use as adult remains around 40% regardless
13The study by Pepper (2000) is worth mentioning further because is the only prior study to explicitly
consider the eects of length of exposure on welfare dependency. Even though it suers from the sample
size limitations imposed by the PSID, it systematically studies the eects of dierent parametric and non-
parametric assumptions on deriving lower and upper bounds for the intergenerational eect of welfare receipt
for women. The results of his study depend on the assumptions one is willing to make. Not making any
assumptions, the bounds on the eect of an additional 3-4 years of exposure (compared to zero exposure)
include zero. However, under some assumptions (ordered outcomes and exogenous local unemployment rates,
or under exogenous duration of parental receipt) the eects of extra exposure become positive.
14The strategy of comparing pairs of siblings is also used in the study of intergenerational correlation of
welfare participation by Solon et al. (1988), although its implementation and interpretation is dierent to the
one of this paper. Levine and Zimmerman (2005), on the other hand, use a similar strategy for their study of
the eects of welfare exposure on child development.
5of length of exposure as a child.15 When analyzing the eects by race/ethnicity, the story is
similar { there is no eect of length of exposure. However, the levels of welfare dependency
are much higher for blacks (and to a lesser extent for Hispanics) than for other race groups.
A nding of special interest is that teenage childbearing is associated with a large positive
eect on future welfare dependency. Indeed, this appears to be the most important determi-
nant of future welfare use. Given that childbearing occurs during the period of exposure, it
can be considered an additional outcome variable, as previously done in the literature (e.g.
An, Haveman and Wolfe, 1993; Gottschalk, 1996). Because of concerns regarding the endo-
geneity of length of exposure between ages 13 and 17 and childberaing in those years, I rely
on a sample of individuals for which exposure between the ages of 9 and 12 is available. The
results indicate that the probability of childbearing between ages 13 and 17 does not depend
on the length of exposure between ages 9 and 12.
All together, the results of this paper indicate that, conditional on welfare participation,
there does not seem to be a causal eect of the length of exposure on intergenerational welfare
dependency, or on the probability of childbearing. This conclusion needs to be interpreted
with caution, because it only refers to the intensive and not to the extensive margin (the
participation decision) of welfare exposure. Thus, it is not possible to rule out explanations
of intergenerational correlation of welfare dependency that admit formulations in which length
of exposure plays no role (e.g. stigma reduction, learning the rules of the system).
In terms of welfare policy, the results indicate that policies like time-limits, at least regard-
ing the intensive margin welfare use decision, may be not likely to reduce the intergenerational
correlation of welfare dependency. In addition, policies aimed at reducing the prevalence of
teenage pregnancies (for example, by providing sexual education and contraceptive services)
could have an important eect in lowering welfare dependency.
This paper is organized as follows. Next section describes the data, while the third section
describes the empirical strategy. The fourth section presents the estimation results, and the
nal section concludes.
2 Data
This paper employs an administrative longitudinal dataset for welfare recipients in the State
of California, the Medi-Cal Eligibility Determination System (MEDS) dataset. It contains
information for all the individuals that have ever received welfare in California (which rep-
resented around 20% of all welfare recipients in the U.S. in the period) from January 1987
to June 2001.16 It includes demographic characteristics and monthly welfare use histories
15The story is similar if the outcome considered is the number of months of welfare use. In that case, the
covariates-adjusted number of months is 8 for women with three months of exposure and around 14 for those
with more than 50 months of exposure. However, after estimating the causal treatment eects, the average
number of months of welfare use remains around 11, regardless of the length of exposure.
16As noted in the Introduction, I use \welfare" as a general way of referring to the AFDC and TANF
Programs. As Klerman and Haider (2004) explain, MEDS is a monthly roster of all individuals eligible for
6for assistance units which permits the construction of very detailed measures of exposure to
welfare for dierent groups.
The data then oers big advantages with respect to the U.S.-based datasets used by
previous studies on intergenerational welfare dependency (NLS, NLSY and PSID), because
it has much more detailed welfare use histories. In addition, large sample sizes permit the
estimation of multivalued treatment eects (dose-response functions) which would be very
hard to estimate with precision with the typical sample sizes of the longitudinal surveys
previously used in this literature.
However, the administrative nature of MEDS has some disadvantages and its use is subject
to some caveats. First, the information in the MEDS dataset is on \assistance units", or
cases, as dened by welfare oces, which for a majority of the cases will be equivalent to
a family, but not necessarily. Second, similarly to other administrative datasets, important
variables typically available in surveys, like income and education, are not available. Third,
the information on welfare spells is extremely detailed, but it is only for California: welfare
use in other states will not be captured by this dataset. This could potentially underestimate
both the exposure length as a child, and the welfare dependency as an adult. As long as the
in
ows and out
ows remain relatively constant during the analysis period, this should be a
minor concern.
This study concentrates only on daughters of welfare recipients because this is the group
that is more at risk of welfare dependency in adulthood (a large majority of welfare recipients
are single mothers). Following the strategy of previous studies (e.g. Pepper, 2000), both the
exposure to welfare as a teenager, and the welfare dependency as adult are dened over xed-
length \windows". In the main analyses the windows are from ages 13 to 17 for exposure,
and from ages 19 to 22 for dependency. In additional analyses, variable welfare dependency
windows from ages 19-23 to 19-26 are analyzed.
The sample is composed of all women in the MEDS dataset born between January 1974
and June 1978, and who where welfare recipients for at least three months between ages 13
to 17.17 These \birth year" cohorts satisfy the constraint that data is available for them both
for ages 13-17 and for ages 19-22. In addition, because the MEDS dataset starts in 1987, this
implies that, for example, for the cohort born in 1978 exposure data is available as far back
as age 9, and that the outcome windows can be extended (for the 1974 cohort) up to age 26.
A total of 219,081 women were selected that satised both the birth cohort and exposure
criteria. As with any administrative dataset inconsistencies and lack of information in some
variables implied that not all of those observations were usable. Indeed, 9,606 observations
had to be dropped because they lacked valid social security number information, which is
Medi-Cal, California's Medicaid program. Because welfare recipients are categorically eligible for Medi-Cal
and that source of eligibility is noted, MEDS provides a monthly roster of the welfare population in California.
17Cases in which a person received welfare for less than three months in the period are not considered
because one- or two-month spells are many times just the result of lags in the administrative process by which
individuals are added to and dropped from assistance units, according to analysts in the California Department
of Social Services. Therefore, including those cases could potentially introduce measurement error bias.
7necessary to track people over time, as well as 27,918 were dropped for lacking necessary
demographic information. In addition,12,518 individuals were dropped for belonging to as-
sistance units with an implausible structure to be considered a family.18
An additional group of individuals that was excluded from the analyses was that of women
whose rst ever appearance in the data as a welfare recipient was as teenage mothers (i.e.
mothers of ages 13 to 17). Given that welfare exposure as a child is considered as being a
re
ection of the actions of the parents, not of the children, including this group does not
seem appropriate. These women are making a participation decision, not being \exposed" to
welfare. Then, it is hard to argue there for the existence of an independent eect of exposure
to welfare as a teenager on welfare dependency as an adult. In contrast, all those women which
enter welfare as dependent children and successively become teenage mothers are included
in the analyses, because, as it will be explained in section 3.4, teenage childbearing will be
considered as an additional outcome in some of the analyses.
Identifying teenage mothers, however, is challenging due to the absence of relationship
codes information, and it requires the imposition of a set of rules based on the available
data. The rules used are the following: a teenage girl is classied as a teenage mother if: a)
her dierence of age with the youngest person in the case was greater or equal to 14 years;
and b) she continued receiving welfare after turning 19 (maximum cuto age for eligibility
of dependent children even if attending school) or she was the oldest female in the case, or
she was less than 14 years younger than the oldest person in the case. Using these rules
12,193 women are identied as mothers whose rst time on welfare was as a teenage mother,
and therefore were dropped from the analyses, while 33,309 women are identied as teenage
mothers with positive exposure prior to becoming teenage mothers, and therefore were kept
in the analysis sample.19
In summary, the analysis sample to which I refer as \full sample" is composed of 156,846
women born between January 1974 and June 1978, and who were welfare recipients for at
least three months from ages 13 to 17. In many of the analyses other three subsamples are
extracted from this full sample. Two samples will be referred to as \teen mothers sample" and
\non mothers sample". The rst one is formed by the 33,309 women who become teenage
mothers after being exposed to welfare, while the second one is the complement (123,537
observations). Finally, the \siblings sample" is composed of those cases in which two women
(part of the full sample) belong to the same family (assistance unit). In the very few cases
where more than two women belong to an assistance unit, only the two oldest women are
selected. There are 24,546 individuals in this sample (i.e. 12,273 pairs of siblings).
County-level data was added to the data based on the county of residence (according
18Assistance units which were considered problematic were those with more than 2 adults in the case, and
those for which the number of kids between the ages 0 to 18 was more than 9.
19Note that even those women whose rst time on welfare is within the six months prior to the birth of
their baby were dropped from the analyses, because welfare eligibility rules allow a women to receive benets
since the second trimester of the pregnancy.
8to welfare records) or the latest recorded county for the months in which the individuals
are not welfare recipients. The county-level data includes information on the share of total
county expenditures in public health programs20 and data on local economic conditions.
Unemployment rates are the average for the exposure period of monthly rates by county from
the Bureau of Labor Statistics (BLS) Local Area Unemployment Statistics.21 Employment
and quarterly earnings in the retail sector come from the Quarterly Census of Employment
and Wages (QCEW) data produced by BLS,22 while annual county population estimates
come from the U.S. Census Bureau.
Table 1 presents descriptive statistics for the four samples considered, for the dierent
outcome variables, as well as for the exposure variable and all the covariates used in the
empirical analysis. It is clear that the teenage mothers sample is very dierent from the point
of view of the outcome variables, with much higher welfare use. at the dierent outcome
windows. In terms of exposure, however, it is higher than for the non mothers, but the
dierence between the samples is much less pronounced. Regarding outcomes and covariates,
except for an over-representation of Hispanics and a slightly higher percentage of teenage
mothers, the full sample and the siblings sample are very similar (of course, by denition
that is not true regarding the average number of siblings), even though exposure appears as
higher in the siblins sample. The teen mothers sample appears as rather dierent to the non
mothers sample also regarding covariates, with 40% more blacks and 25% more Hispanics,
and a higher percentage of English speakers. Also the 1974 cohort is over represented.
The bottom of Table 1 presents information on the average of county level variables faced
by these women during ages 9 to 12, 13 to 17, and 22 to 26. These measures are based on the
county of residence (according to welfare records) or the latest recorded county for the months
in which the individuals are not welfare recipients. The expenditures variables will be included
in the empirical analysis as proxies for the availability of family planning, contraceptive and
abortion services in the counties. The local economic conditions are relevant because the
literature has shown (e.g. Hoynes, 2000) that county-level unemployment, and sectorial
employment and earnings aect both the rates of entry to and exit from welfare. Even
though it is not apparent from the table, there is wide variation in these measures at the
county level and over time.
20This share was constructed as the ratio of the total county expenditures in public health over the total
county expenditures by scal year as provided by the California State Controller's Oce. The amounts where
rst expressed in monthly terms by dividing by 12 and then averaged over the age year of each individual.
21In 2004, for the period starting in January of 1990, BLS changed the methodology of estimating Local Area
Unemployment Statistics, with new models, featuring real-time benchmarking to monthly Current Population
Survey (CPS) employment and unemployment totals. Unfortunately this new statistics do not go back to
1987, the rst year for which welfare data is available in this paper. Therefore, by suggestions from analysts
at the Labor Market Information (LMI) Division of the California Employment Development Department
(EDD), a pre-1990 series of unemployment rates calculated by LMI was \bridged" to the new BLS data by
applying to the new series the monthly observed changes in unemployment rates for the period 1987-1990, to
generate a series for that period which is consistent in levels with the new series.
22The QCEW is a quarterly count of employment and wages reported by employers covering 98 percent of
U.S. jobs, available at the county, MSA, state and national levels by industry.
9Finally, to complete the descriptive analysis of the data, Figure 1 shows for each sample
the distribution of the exposure variable. As it is apparent from the gures, the histograms
are quite similar, except for the teenage mothers sample, where there is a higher proortion
of women with longer exposure.
3 Empirical strategy
The nature of the problem and the richness of the data allow applying methods recently
developed in the program evaluation literature to deal with continuous treatments. There
has been increasing interest in the literature in both multi-valued (Imbens, 2000; Lechner,
2001) and continuous treatments (Imbens, 2000; Hirano and Imbens, 2004; Behrman, Cheng
and Todd, 2004; Flores, 2004; Imai and van Dyk, 2004).
I follow the approach of Hirano and Imbens (2004), which seems the best suited to this
study because it allows for estimation of the whole dose-response function of an (ordered)
continuous treatment. In this case this implies to trace the response of the outcome of interest
to every value of the treatment variable, the exposure to welfare.
The approach proposed by Hirano and Imbens (HI from now on), which extends the typi-
cal potential outcomes approach in program evaluation to continuous treatments, is presented
in the next subsection. I will follow closely both their presentation and notation.
3.1 Bias removal using the GPS
Let's suppose we have a random sample of units, indexed by i = 1;:::;N. For each unit
i there is a set of potential outcomes, Yi(t), for t 2 T , referred to as the unit-level dose-
response function. We want to estimate the average dose-response function (t) = E[Yi(t)].
For each unit i we have a vector of covariates Xi; and the level of the treatment received Ti.
We observe Xi, the treatment received Ti and the potential outcome corresponding to that
treatment, Yi = Yi(Ti). Imbens (1999, 2000) generalizes the unconfoundness assumption for
binary treatments made by Rosenbaum and Rubin (1983) to the multivalued case, calling it
weak unconfoundness. It implies that
Y (t) ? TjX for all t 2 T .
Calling r(t;x) = fTjX(tjx), the conditional density of the treatment given the covariates,
then, Imbens (1999, 2000) dene the Generalized Propensity Score (GPS) as
R = r(T;X): (1)
This GPS has a balancing property similar to the standard propensity score in the binary
case; together with the assumption of unconfoundness, this implies that the assignment to
treatment is unconfounded given the GPS. It is important to keep in mind the distinction
10between two dierent random variables once one estimates the GPS: the probability that
an individual gets the treatment she actually received, Ri = ri (Ti;Xi), and the probability
she receives a particular treatment t conditional on her covariates, Rt
i = ri (t;Xi). Clearly,
Rt
i = Ri for those units with Ti = t.
There are two alternatives to exploit the GPS in estimation, to remove biases associated
to observables. The rst one, proposed by Hirano and Imbens (2004) is to follow two steps,
or a partial mean approach (Newey, 2004). First, it is necessary to estimate the conditional
expectation of the outcome as a function of the treatment level T and the GPS, R:
(t;r) = E[Y jT = t;R = r]: (2)
Second, it is necessary to estimate the dose-response function at each particular level of the
treatment. This is attained by averaging the conditional expectation function over the GPS
at each particular level of the treatment,
(t) = E[(t;r(t;X))]: (3)
As Hirano and Imbens (2004) stress,(t;r) does not have a causality interpretation, but
(t) corresponds to the value of the dose-response function for treatment value t, which
compared to another treatment level t0 does have a causal interpretation. Note, that instead
of estimating (t;r) one could estimate directly (t;X), which implies using a partial mean
approach directly on covariates. In the results below I use that estimator to compare with
the GPS-based estimator.
In addition to employing the GPS within a partial mean framework to estimate (t), the
GPS can also be used to control for covariates using a weighting approach (e.g., Imbens,
2000; Cattaneo, 2009).23 Similar to the binary treatment case, it is possible to weight the
observations receiving a given treatment level t by the probability of receiving the treatment
they actually received conditional on X (i.e., Ri). More specically, in our context we can
write (t) as (Imbens, 2000):
(t) = E





The intuition behind weighting by Ri is creating a sample in which the covariates are
balanced across all treatment arms (or sites), and then calculating the average outcome for
those units with Ti = t in that sample to estimate (t). In the binary treatment literature,
the weights implied by (4) are usually normalized to add to one (e.g., Imbens, 2004; Busso
23See Flores et al. (2009) for a discussion of weighting-by-the-GPS estimators in a continuous treatment
setting.
















Cattaneo (2009) analyzes the asymptotic properties of IPW estimators such as (5) when
the GPS is nonparametrically estimated using a series-based estimator, and shows that under
certain conditions, these estimators are asymptotically normal and ecient, in the sense of
achieving the semiparametric eciency bound. Note that, similar to the binary treatment
case, d (t)
ipw
for t = 1;:::;k equal the coecients in a weighted linear regression of Yi on the
set of k dummy variables 1(Ti = j), with weights equal to wi =
p
1=Ri.
In a parametric context, estimators combining IPW and linear regression share a \double
robustness" property, which states that these estimators are consistent as long as either
E [YijTi;Xi] or the GPS is correctly specied (e.g., Robins and Rotznitzky, 1995; Scharfstein
et al., 1999; Wooldridge, 2007). Thus, I implenent this estimator by running the above
mentioned regression, including covariates.
In summary, the method requires estimating the GPS and the () conditional expectation
function. To estimate the GPS a 
exible parametric method is followed in this paper, using
a multinomial logit regression to estimate the probability of each treatment level. Using a
multinomial logit has the advantage of not imposing many assumptions of the shape of the
distribution function. A disadvantage of using a multinomial logit is that it is very dicult
to estimate more than a certain number of categories. To avoid that problem, I discretized
the exposure variable in groups of two months, leaving the last month by itself. This greatly
reduced the computational burden, without aecting the nal results.
The second step is to calculate the conditional expectation function of Yi, given Ti and Ri
as a 
exible function of those two arguments. As in HI, a quadratic approximation is used:
E[YijTi;Ri] = 0 + 1Ti + 2T2
i + 3Ri + 4R2
i + 5TiRi (6)
where for each individual the observed Ti and estimated GPS ^ Ri is used, to estimate this
equation by OLS. To obtain the whole dose-response function now, for each treatment level
t, is necessary to estimate the average potential outcome at treatment level t as






^ 0 + ^ 1t + ^ 2t2 + ^ 3^ r(t;Xi) + ^ 4^ r(t;Xi)2 + ^ 5t^ r(t;Xi)

: (7)
Standard errors are obtained by bootstrapping to take into account the estimation of ^ R and
the ^ 's.
123.2 Controlling for unobserved heterogeneity
Given the availability of data on siblings who experienced dierent levels of exposure (more
than 40% of the siblings experienced dierences in the level of exposure of at least 6 months),
one can resort to comparing siblings as a way to control for unobserved family-level hetero-
geneity that does not change over time. This is particularly important in this case, because
the data does not have many of the variables that have been used in the literature to account
for the eect of family and environmental factors. Still, because this can only control for time-
unvarying factors, any variable factors (like income) will be unaccounted for. Nevertheless,
the siblings comparisons should provide the most robust results.
This comparison of siblings is implemented in the estimation by using family xed eects
in the estimation of (6). This provides an estimation of the conditional expectation function
of Y, which arises from the within-siblings dierences in exposure levels.
3.3 The role of overlap
In the program evaluation literature, in the binary-treatment case, it is a well-known fact
that it is necessary to have overlap in the covariates distribution of the treatment and control
groups to obtain estimators that are unbiased (see Heckman, Ichimura and Todd, 1997;
Dehejia and Wahba, 1999). In fact, one of the key reasons why the methods based on the
propensity score succeed in eliminating biases is because they imply the comparison of
individuals across the control and treatment that are indeed comparable.
A similar issue arises when estimating treatment eects with multi-valued treatments
using the GPS; one would like to be sure that is comparing individuals that are comparable.
However, it is much more complicated to introduce the concept of overlap in this framework.
In this paper I deal explicitly with the issue of overlap in the covariates (or as it is also
known \common support condition") by imposing a criteria for whether observations satisfy
the common support condition or not.
In the binary treatment literature there is no agreement on a criteria to use. Recently,
Crump, Hotz, Imbens and Mitnik (2007) have suggested a practical rule, based on eciency,
by which a lower and upper cuto points are applied to the propensity score distribution.
Applying a similar method to the case of continuous treatments is more complex because
here we would like to impose a condition in which at every treatment level all the individuals
should be comparable.
With that logic in mind, I implement the following procedure to try to guarantee overlap.
Using the same notation of above, ^ Ri, the estimated GPS for every individual with a partic-
ular treatment level Ti, is compared to ^ r(t = T;Xi); the predicted probability of t=T, for all
the individuals which received a treatment level dierent from Ti: Then, individuals which
received a treatment level T are considered to satisfy the overlap condition if their GPS is
within the interval determined by the highest minimum and the lowest maximum observed
across several distributions. Those distributions are the predicted probabilities of treatment
13T, calculated for individuals that did not receive treatment level T. For example, let's take
individuals with treatment level T=10. For each group of individuals with treatment levels
dierent from T=10, we calculate the minimum and maximum of their distribution of pre-
dicted probability of receiving treatment T=10. The highest of the minimum values across all
those distributions, and the lowest of the maximum values across all those distributions, form
the limits of the interval within which the GPS for the individuals that received treatment
T=10 has to fall to be considered within the common support condition. This is repeated for
every level of treatment, until a set of individuals that are comparable across all treatment
levels has been determined. Note that the intervals can also be created by using percentile
cutos, instead of the minimum and maximum values.
Intuitively, what this condition does is to make sure that at each treatment levels, only
individuals that are comparable will be used to estimate the treatment eects.
3.4 The role of teenage childbearing
As it is clear from Tables 2 and 3, and from Figures 3 and 4, the women who become teenage
mothers during the period of exposure to welfare are both dierent in their observable char-
acteristics from the non mothers, and present a very dierent pattern of welfare dependency.
One approach to dealing with this is just to estimate the dose response functions separately
for both groups, and analyze them as with any other categorical variable for which one would
estimate separate treatment eects (like race).
However, this does not address the key issue which is that teenage childbearing is not an
exogenous event. As it is shown by Wolfe, Wilson and Haveman (2001), teenage childbearing
is an optimal choice driven by the comparison of its benets and costs. Indeed, the generosity
of the benets of the welfare system has been suggested as one of the mechanisms by which
welfare aects the childbearing decision. The evidence on the link of welfare benets with the
childbearing decision is very weak (Acs, 1996; Hoynes, 1997; Wolfe, Wilson and Haveman,
2001; Schaefer, Hamersma and Vander Veen, 20002), so one may be justied in simply doing
separate analyses for mothers and non mothers.
Nevertheless, in this paper exposure is assumed to be an exogenous variable for a daughter,
given by the decisions of her parents. Once a woman becomes pregnant she is eligible for
welfare benets on her own, independently of her parents decisions, which implies that any
observed welfare use after childbearing cannot be considered exogenous.
One alternative would be to consider exposure only up to the point where a teenager
becomes pregnant. That solution is also problematic, though, because it does not take into
account that we cannot observe the counterfactual level of exposure if she had not become
pregnant. In this way, trying to infer the eect of exposure from daughters who become
pregnant very early on in the analysis window would overestimate this eect.
What one would like to do is to identify the pure eect of exposure to welfare on future
welfare use, for the average woman. That is, the eect net of how prone a woman is to
14become pregnant (or carry on a pregnancy). Black and Smith (2004) face a similar problem
when estimating the wage eects of college quality. The standard approach in that literature
is to include as a covariate years of schooling. But, college quality has both an eect on
years of schooling and on wages. They resort to estimating the propensity score with and
without that variable and nd that it does makes a dierence, and report the results under
each situation.
In this paper I will follow a similar strategy, but instead of including teenage motherhood
in the estimation of the GPS, I will allow a more 
exible approach by estimating the GPS
separately for both groups, as well as treatment eects for both groups. Those results would
need to be considered not as causal treatment eects, but just informative of the nature of
the relationship. In addition, I will perform some analyses where I only use the years of
exposure prior to teenage childbearing, to assess if the results are sensitive to the exogeneity
of exposure assumption.
The results of all these alternative specications are presented in the next section.
4 Results
The rst step is to estimate the GPS. For that, as described in the previous section, a
multinomial logit model was estimated to predict the probability of each treatment level,
for each individual, using the variables listed in Tables 4 and 5.24 The estimated GPS for
each individual, and the predicted probability of exposure at each treatment level, were then
used to identify the group of observations that satisfy the common support condition. Both,
min-max rules and percentile-based rules were used, selecting the ones that seemed to make
the overlap better (see the discussion below).
Figure 5 shows for the four samples (full, siblings, mothers, non mothers) the distribution
exposure and the 95th and 5th percentile of the estimated GPS, for individuals satisfying the
common support condition.
Before analyzing the estimated treatment eects, one would like to know if the GPS
is working properly in terms of eliminating the biases associated to dierences in observed
characteristics of the individuals. This is analyzed in the following subsection.
4.1 Testing for GPS balancing of covariates
The typical approach in a binary treatment case to assess the specication of the propensity
score is to compare the means of the treated versus control units before and after matching
or blocking or weighting by the propensity score. Here it is more complicated because the
treatment is continuous. HI propose blocking on both the treatment variable (exposure
to welfare in this case) and on the estimated GPS. After applying the common support
24As explained above, to simplify the estimation of the multinomial logit model, months of exposure were
grouped by two months.
15condition, I apply their idea in the following way. First, the exposure variable was divided in
four groups, and within each group took the predicted GPS for the median of the exposure
variable. Second, each group was divided into 20 blocks by percentiles of that predicted
score evaluated at the median (using only the individuals who belong in the group). Once
the cuto points for these percentiles were calculated, inside each of these blocks one can
calculate the dierence of means of the individuals within the block compared to all other
individuals who have an estimated value of the GPS such that they belong to that block,
but have a exposure level dierent to the one being evaluated. The idea is to test if for each
of these blocks the dierence in means of the individuals belonging to the exposure group is
statistically signicant with respect to all the individuals with dierent exposure level, but
similar GPS. This was implemented by creating dummy variables for each of the percentiles
of the GPS distribution, which were interacted with a dummy for belonging to the exposure
group under analysis, and running a regression of the covariate on those dummies. The
weighted sum (by the size of the group) of those 20 coecients represents the dierence of
means of interest. This needs to be repeated for each exposure group and for each covariate.
If the GPS is balancing properly the covariates, we would expect all those dierences of means
to be statistically not signicant.
Tables 4 and 5 present the results of performing these calculations on each of the four
samples of interest. I will analyze only Table 4, panel A ( full sample), the other tables
show similar results. To facilitate the comparison of the dierences of means, the rst and
second column in each table show the average and standard deviation for each covariate.
The dierences, though, are expressed in terms of standard deviations. Note also that the
number of observations dier in each sample with respect to the numbers reported in Table
1, because the common support condition has been imposed.
The left panel of the Table (\unadjusted") shows the standardized dierence of means
between all the individuals in the particular exposure group compared to all other individ-
uals. It is clear that for some variables the covariates are very unbalanced. In the right
panel (\adjusted") the dierences of means are calculated now by the described procedure of
blocking on the GPS. For all the exposure groups, the dierence of means decreased substan-
tially. Note that many of the dierences, even though they are small, are still statistically
signicant. This is a consequence of the large dataset, which generates very small standard
errors. Still, it is clear that the GPS is working well in reducing (and eliminating) dierences
in observed characteristics of the individuals.
Next we analyze the estimated treatment eects.
4.2 Treatment eects
Treatment eects (dose-response functions) were estimated for the four samples, based on
exposure for ages 13-17 and welfare use in ages 19-22.25 The estimated coecients and
25The estimated regression functions analog to (6) are presented in Appendix Table A1.
16standard errors are presented in Table 6, while a graphical representation of those same
eects is presented in Figures 6 and 7. It is clear from the gures that there is no causal
eect of additional length of welfare exposure on welfare use { the dose-response functions are
almost completely 
at. This is true both for any welfare use (top panels in each gure) and
for the number of months of welfare use (bottom panels in each gure). Figure 6 also shows
that it is almost the same whether one uses the full sample, or restricts the analysis to the
siblings sample, although the siblings analysis shows some dierences for the highest levels of
exposure. As explained above, the results for the siblings sample control for time-invariant
unobserved family heterogeneity by calculating (6) with family xed eects. They suggest
that, at least for the period analyzed, unobserved family level heterogeneity is not a great
concern.
Figure 7 shows for comparison purposes the dose-response functions for the non mothers
and teenage mothers samples. For the non mothers the eects are also 
at, and at lower
level than for the full sample. For the mothers there is a very small positive slope, but more
importantly the extent of welfare dependency (both in terms of probability of welfare use
and number of months of welfare use) is close to three times the levels for the non mothers
sample (note the dierences in scales in the graphs). As it was explained in the previous
section, dividing the analysis in these two samples does not take into account the potential
endogeneity of teenage childbearing and exposure. Still, it seems like an analysis worth
performing.
Treatment eects by race/ethnicity
Figures 8 and 9 present the results of estimating dose-response functions by race/ethnicity
groups.26 Both for probability of any use and for months of use, the eects are again 
at with
respect to the length of exposure. However, it seems interesting to analyze the dierences
in levels between the groups. The highest levels of dependency is for blacks, followed by
Hispanics, whites and other races (which has levels less than half of those for blacks). The
size of the dierentials between blacks and the other groups in months of use is striking,
almost two times higher.
Treatment eects for alternative windows of exposure and use
Figure 10 present the results on the probability of welfare use of making the welfare use
windows longer.27 The eects of marginal exposure are mostly zero, consistent with the
previous results.
Figures 11 and 12 show the eects of starting the exposure period at 10, 11 and 12 years
instead of 13 years. Extending the window of potential exposure does not seem to have any
large eect on the levels of welfare dependency. If anything the longer the potential exposure
26To save space no additional tables with treatment eects will be reported, only the gures. Those tables
are available upon request.
27The results for months of exposure are not shown in this subsection because the patterns are essentially
identical to the ones for any welfare use. The results are available upon request.
17period, the lower the level of welfare use appears. When the same analysis is performed
in Figure 12 for the siblings sample, the treatment eects are again 
at. This could arise
because in Figure 11 the previous levels of exposure (before age 13) are not controlled for.
Compare with the results for exposures at ages 13 to 17, in which previous exposure was
controlled for. Nevertheless, the within siblings comparison seems to solve that problem.
The role of teenage childbearing
Two additional analyses are conducted regarding the role of teenage childbearing. In
Figure 13, teenage childbearing is considered an outcome itself, in line with other studies in
the prior literature (e.g.. Gottschalk, 19992 and 1996; An, Haveman and Wolfe, 1993). But,
to avoid the potential endogeneity of exposure in ages 13-17 with the childbearing decision,
exposure only in ages 10-12 is used as a treatment. The results are in line with previous
ndings, there is no eect of exposure on teenage childbearing.
An alternative analysis is to study what eect has in the results when one uses the
exposure only prior to the time of teenage childbearing. This is done just as a way of
understanding better the potential problems caused by the denition of the exposure variable.
In the top left corner of the Figure a description of the data is presented, that makes clear
the issue: when considering the net exposure variable, at very high levels of exposure, the
proportion of women with teenage childbearing approaches zero. Of course, this is just a
mechanic eect, if a woman has 60 months of exposure, it is because she did not become a
teenage mother. The right top panel shows the eects of this alternative measure of exposure
on teenage childbearing itself, and the two bottom panels show the eects on probability of
and months of welfare use. Although, the left top panel would have suggested otherwise,
it is interesting to nd that still there are no eects of exposure, even with the alternative
exposure measure.
Summary of the results
The overall picture from the results is clear. First, there are no eects of dierential
lengths of exposure to welfare on either the probability of welfare use or on the number of
months of welfare use during the ages 19 to 22. This is also true for longer exposure and
use windows. Second, the dierentials in welfare dependency among black women (and to a
lesser extent for Hispanics), compared to the other racial/ethnic group are large. It is not
clear what causes those dierentials, but it seems like an issue worth of further research.
Third, teenage childbearing seems to be the key element in explaining future dependency. A
woman that becomes a mother has twice the probability of depending on welfare, compared
to a non mother.
185 Conclusions
This paper used a unique administrative dataset and recently developed estimators in the
program evaluation literature, to estimate the dierential eects of length of exposure to
welfare on the probability of use and number of months of use, in early adulthood. All
together, the results of this paper indicate that, conditional on welfare participation, there is
no causal eect of the length of exposure on intergenerational welfare dependency, or on the
probability of childbearing. This conclusion needs to be interpreted with caution, because
it only refers to the intensive and not to the extensive margin (the participation decision)
of welfare exposure. Thus, it is not possible to rule out explanations of intergenerational
correlation of welfare dependency that admit formulations in which length of exposure plays
no role (e.g. stigma reduction, learning the rules of the system). However, the results are
clearly not consistent with arguments based on the existence of a \culture of welfare" and
are consistent with the correlated disadvantages theory.
In terms of welfare policy, the results indicate that policies like time-limits are not likely
to reduce the intergenerational correlation of welfare dependency. In addition, policies aimed
at reducing the prevalence of teenage pregnancies (for example, by providing sexual education
and contraceptive services) could have an important eect in lowering welfare dependency.
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22Table 1. Descriptive statistics
Variable Full Siblings Non mothers Teen mothers
sample sample sample sample
Outcome variables
   Any welfare use at ages 19-22 0.407 0.426 0.292 0.831
(0.491) (0.495) (0.455) (0.375)
19-23 0.440 0.455 0.327 0.848
(0.496) (0.498) (0.469) (0.359)
19-24 0.470 0.482 0.357 0.861
(0.499) (0.500) (0.479) (0.346)
19-25 0.499 0.503 0.386 0.873
(0.500) (0.500) (0.487) (0.333)
19-26 0.528 0.525 0.416 0.892
(0.499) (0.500) (0.493) (0.310)
   # Months of welfare use at ages 19-22 11.51 12.17 7.45 26.55
(16.59) (16.87) (13.86) (17.21)
19-23 14.70 15.35 9.79 32.27
(20.32) (20.61) (17.23) (20.84)
19-24 18.08 18.71 12.28 38.06
(24.01) (24.23) (20.57) (24.30)
19-25 21.50 22.07 14.84 43.53
(27.48) (27.83) (23.75) (27.51)
19-26 24.86 25.80 17.44 48.85
(30.78) (31.35) (26.88) (30.38)
Treatment variable
   # Months of welfare exposure ages 13-17 34.52 39.09 32.88 40.61
(20.29) (19.10) (20.61) (17.77)
Individual-level covariates
Race
   White 0.315 0.273 0.339 0.225
(0.464) (0.446) (0.473) (0.417)
   Hispanic 0.357 0.397 0.340 0.419
(0.479) (0.489) (0.474) (0.493)
   Black 0.208 0.204 0.191 0.270
(0.406) (0.403) (0.393) (0.444)
   Other 0.121 0.127 0.130 0.087
(0.326) (0.333) (0.336) (0.281)
Language: English 0.837 0.830 0.813 0.925
(0.369) (0.375) (0.390) (0.263)
Family structure
   Avg.  # siblings 1.578 2.268 1.569 1.612
(1.323) (1.281) (1.314) (1.353)
   Avg. # adults 0.913 0.950 0.968 0.710
(0.527) (0.495) (0.526) (0.480)
Teenage Mothers
   % Teen Mothers 0.212 0.235 1.000
(0.409) (0.424) -
   Mother at age 13 0.023 0.033 0.107
(0.149) (0.177) (0.309)
   Mother at age 14 0.027 0.037 0.129
(0.163) (0.188) (0.335)
   Mother at age 15 0.047 0.054 0.219
(0.211) (0.227) (0.414)
   Mother at age 16 0.065 0.066 0.307
(0.247) (0.247) (0.461)
   Mother at age 17 0.051 0.046 0.238
(0.219) (0.208) (0.426)
(Continues in next page)Table 1. Descriptive statistics (cont.)
Variable Full Siblings Non mothers Teen mothers
sample sample sample sample
Birth cohort
   1974 0.206 0.215 0.200 0.228
(0.404) (0.411) (0.400) (0.420)
   1975 0.228 0.235 0.225 0.238
(0.420) (0.424) (0.418) (0.426)
   1976 0.244 0.246 0.244 0.243
(0.429) (0.431) (0.429) (0.429)
   1977 0.254 0.244 0.258 0.238
(0.435) (0.430) (0.437) (0.426)
   1978 0.069 0.060 0.074 0.053
(0.254) (0.237) (0.261) (0.224)
Months prior welfare exposure × birth cohort
   1975 (age 12) 0.90 1.02 0.91 0.86
(5.53) (5.90) (5.52) (5.60)
   1976 (ages 11-12) 4.59 5.30 4.48 4.98
(11.15) (11.89) (11.01) (11.66)
   1977 (ages 10-12) 3.00 3.45 2.89 3.37
(7.49) (7.98) (7.37) (7.90)
   1978 (ages 9-12) 1.44 1.64 1.38 1.66
(3.76) (3.97) (3.69) (3.99)
County-level covariates
County share of health 9-12 0.041 0.040 0.041 0.040
expenditures at ages (0.012) (0.012) (0.012) (0.012)
13 0.043 0.042 0.043 0.042
(0.013) (0.012) (0.013) (0.012)
14 0.046 0.045 0.046 0.045
(0.014) (0.013) (0.014) (0.013)
15 0.049 0.048 0.049 0.048
(0.015) (0.014) (0.015) (0.014)
16 0.052 0.052 0.053 0.052
(0.016) (0.015) (0.016) (0.015)
17 0.055 0.054 0.055 0.055
(0.016) (0.016) (0.016) (0.016)
Local economic conditions by age
   Unemployment Rate (%) 9-12 6.4 6.5 6.4 6.5
(2.8) (2.8) (2.8) (2.8)
13-17 8.5 8.6 8.5 8.6
(3.3) (3.4) (3.3) (3.3)
22-26 7.8 7.9 7.7 8.1
(3.6) (3.6) (3.6) (3.5)
   Employment/population 9-12 0.179 0.179 0.179 0.178
     retail sector (0.03) (0.03) (0.03) (0.03)
13-17 0.176 0.176 0.176 0.175
(0.03) (0.02) (0.03) (0.02)
22-26 0.174 0.173 0.174 0.173
(0.02) (0.02) (0.02) (0.02)
   Average earnings in 9-12 4.94 4.93 4.94 4.94
     retail sector ($1,000/qtr) (0.52) (0.52) (0.52) (0.52)
13-17 4.85 4.84 4.85 4.85
(0.48) (0.47) (0.48) (0.47)
22-26 4.83 4.81 4.84 4.81
(0.52) (0.52) (0.53) (0.51)
Number of observations 156,846 24,546 123,537 33,309
Note: Standard deviations in parenthesesTable 2. Balance in covariates before and after GPS adjustment
              Full sample
Variable
[3,15] [16,35] [36,59] [60] [3,15] [16,35] [36,59] [60] [3,15] [16,35] [36,59] [60] p-val [3,15] [16,35] [36,59] [60] p-val
Teenage mother -0.35* -0.03* 0.32* 0.00  -0.24* 0.02* 0.16* -0.21* -0.26 -0.02 0.22 0.00 0.00 -0.22 0.00 0.08 -0.19 0.00
White 0.25* 0.13* -0.09* -0.33* 0.00 0.05* 0.05* -0.07* 0.18 0.09 -0.07 -0.28 0.00 -0.01 0.03 0.04 -0.04 0.00
Hispanic 0.02* 0.03* 0.00 -0.07* -0.04* 0.00 0.02* 0.01  0.02 0.02 0.00 -0.06 0.00 0.01 0.03 0.03 0.02 0.15
Black -0.17* -0.10* 0.11* 0.18* 0.01 -0.05* -0.02* 0.03* -0.13 -0.07 0.08 0.15 0.00 0.03 -0.01 0.00 0.05 0.00
English 0.03* 0.00 0.08* -0.15* -0.02* -0.01* 0.05* 0.01  0.02 0.00 0.06 -0.12 0.00 0.00 0.02 0.07 0.06 0.00
Average  # siblings -0.29* -0.13* 0.16* 0.29* 0.00  -0.03* 0.04* 0.00  -0.22 -0.09 0.11 0.24 0.00 -0.02 -0.03 0.01 -0.03 0.00
Average # adults -0.06* 0.02* -0.01  0.05* 0.03* 0.02* -0.01  -0.02* -0.05 0.01 -0.01 0.04 0.00 0.04 0.03 0.01 -0.02 0.00
Prioor welfare exposure 
× birth cohort
   Age 12 × 1975 -0.09* -0.05* 0.05* 0.10* 0.00  -0.01  0.00  0.01  -0.11 -0.08 -0.01 0.04 0.00 -0.05 -0.05 -0.05 -0.04 0.28
   Ages 11-12 × 1976 -0.32* -0.18* 0.15* 0.41* 0.01  -0.01* 0.00  0.02* -0.23 -0.12 0.11 0.34 0.00 0.01 -0.02 -0.02 0.00 0.04
   Ages 10-12 × 1977 -0.33* -0.18* 0.16* 0.39* 0.00  -0.01  0.01* 0.01  -0.24 -0.12 0.12 0.33 0.00 0.00 -0.01 -0.01 0.00 0.60
   Ages  9-12 × 1978 -0.34* -0.16* 0.16* 0.38* -0.03* 0.01  0.02* 0.00  -0.24 -0.11 0.12 0.32 0.00 -0.03 0.00 0.00 -0.01 0.02
County share
of health expenditures
   Ages 9-12 -0.02* -0.02* -0.02* 0.08* 0.03* -0.01* -0.05* 0.05* -0.02 -0.01 -0.02 0.06 0.00 0.05 0.01 -0.02 0.04 0.00
   Age 13 -0.03* -0.02* -0.03* 0.11* 0.03* -0.01* -0.06* 0.03* -0.04 -0.04 -0.04 0.07 0.00 0.03 -0.02 -0.05 0.00 0.00
   Age 14 -0.03* -0.03* -0.04* 0.13* 0.03* 0.00  -0.06* -0.01  -0.04 -0.04 -0.04 0.09 0.00 0.02 -0.02 -0.05 -0.05 0.00
   Age 15 -0.03* -0.03* -0.05* 0.14* 0.03* 0.00  -0.07* -0.01  -0.04 -0.04 -0.05 0.10 0.00 0.02 -0.02 -0.06 -0.05 0.00
   Age 16 -0.04* -0.03* -0.05* 0.16* 0.03* 0.00  -0.07* 0.00  -0.04 -0.03 -0.04 0.12 0.00 0.02 -0.01 -0.06 -0.03 0.00
   Age 17 -0.06* -0.03* -0.04* 0.17* 0.04* -0.01  -0.08* 0.06* -0.03 -0.02 -0.02 0.15 0.00 0.05 0.01 -0.04 0.04 0.00
Number of observations 36,617 38,742 48,934 27,998 33,639 37,088 45,116 23,563 36,617 38,742 48,934 27,998 33,639 37,088 45,116 23,563
Note: All variables have been standardized to mean 0 and standard deviation 1.
         * indicates difference of means is statistically significant at the 5% significance level. "p-val" refers to the p-value of the joint test of all means are equal.
Difference of means one treatment group                     
vs. all other treatments pooled Means for each treatment group
Unadjusted (before overlap) Inverse probability weighting Unadjusted (before overlap) Adjusted by GPS blockingTable 3. Balance in covariates before and after GPS adjustment
              Siblings sample
Variable
[3,15] [16,35] [36,59] [60] [3,15] [16,35] [36,59] [60] [3,15] [16,35] [36,59] [60] p-val [3,15] [16,35] [36,59] [60] p-val
Teenage mother -0.49* -0.15* 0.36* 0.03  -0.36* -0.02  0.26* -0.18* -0.41 -0.11 0.23 0.03 0.00 -0.36 -0.04 0.12 -0.17 0.00
White 0.27* 0.19* -0.06* -0.33* -0.03 0.03 0.04* -0.08* 0.22 0.14 -0.04 -0.26 0.00 0.00 0.03 0.04 -0.04 0.00
Hispanic 0.03 0.01 0.01  -0.05* -0.09* -0.02 0.00 0.05* 0.03 0.01 0.00 -0.04 0.01 -0.03 0.02 0.02 0.06 0.04
Black -0.17* -0.12* 0.10* 0.12* 0.06* -0.03 0.01 -0.02  -0.14 -0.09 0.07 0.10 0.00 0.03 0.00 0.03 0.01 0.35
English -0.02 0.00 0.14* -0.18* -0.05* -0.03 0.09* -0.07* -0.01 0.01 0.09 -0.13 0.00 -0.02 0.03 0.10 0.02 0.00
Average  # siblings -0.17* -0.16* 0.03* 0.26* 0.04  -0.04* -0.03  0.08* -0.14 -0.12 0.02 0.21 0.00 -0.02 -0.06 -0.06 0.02 0.00
Average # adults 0.12* 0.06* -0.09* -0.04* 0.04  0.01  -0.03* 0.02  0.10 0.04 -0.06 -0.03 0.00 0.01 -0.02 -0.05 -0.02 0.06
Prioor welfare exposure 
× birth cohort
   Age 12 × 1975 -0.07* -0.06* 0.03* 0.07* -0.02  -0.02  0.02  0.00  -0.10 -0.08 -0.02 0.02 0.00 -0.07 -0.06 -0.03 -0.05 0.17
   Ages 11-12 × 1976 -0.22* -0.18* 0.06* 0.28* 0.08* -0.01  0.01  0.00  -0.18 -0.13 0.05 0.23 0.00 0.05 -0.02 -0.01 -0.01 0.24
   Ages 10-12 × 1977 -0.29* -0.16* 0.08* 0.29* 0.01  0.02  0.01  0.00  -0.23 -0.11 0.06 0.23 0.00 -0.03 0.01 -0.02 -0.01 0.66
   Ages  9-12 × 1978 -0.37* -0.20* 0.13* 0.33* -0.13* 0.00  0.06* -0.01  -0.31 -0.14 0.09 0.27 0.00 -0.16 -0.02 0.00 -0.04 0.00
County share
of health expenditures
   Ages 9-12 -0.01  -0.02  -0.05* 0.10* 0.04  -0.01  -0.07* 0.07* -0.01 -0.02 -0.03 0.07 0.00 0.04 0.01 -0.02 0.05 0.00
   Age 13 -0.02  -0.03  -0.06* 0.13* 0.06* -0.01  -0.08* 0.06* -0.04 -0.03 -0.05 0.08 0.00 0.05 0.00 -0.05 0.02 0.00
   Age 14 -0.01  -0.04* -0.07* 0.15* 0.08* -0.01  -0.08* 0.03  -0.02 -0.04 -0.06 0.10 0.00 0.04 -0.02 -0.06 -0.01 0.00
   Age 15 -0.01  -0.04* -0.08* 0.16* 0.08* -0.01  -0.08* 0.04  -0.02 -0.04 -0.06 0.11 0.00 0.04 -0.03 -0.07 -0.01 0.00
   Age 16 -0.04* -0.03  -0.08* 0.17* 0.07* 0.00  -0.08* 0.03  -0.04 -0.03 -0.06 0.12 0.00 0.03 -0.01 -0.06 -0.01 0.00
   Age 17 -0.07* -0.04* -0.06* 0.18* 0.07* 0.00  -0.08* 0.07* -0.05 -0.02 -0.03 0.15 0.00 0.05 0.01 -0.04 0.05 0.00
Number of observations 3,710 5,821 9,215 5,241 3,383 5,455 8,447 4,436 3,710 5,821 9,215 5,241 3,383 5,455 8,447 4,436
Note: All variables have been standardized to mean 0 and standard deviation 1.
         * indicates difference of means is statistically significant at the 5% significance level. "p-val" refers to the p-value of the joint test of all means are equal.
Difference of means one treatment group                     
vs. all other treatments pooled Means for each treatment group
Unadjusted (before overlap) Inverse probability weighting Unadjusted (before overlap) Adjusted by GPS blockingTable 4. Balance in covariates before and after GPS adjustment
              Non mothers sample
Variable
[3,15] [16,35] [36,59] [60] [3,15] [16,35] [36,59] [60] [3,15] [16,35] [36,59] [60] p-val [3,15] [16,35] [36,59] [60] p-val
White 0.21* 0.11* -0.05* -0.34* 0.00 0.04* 0.04* -0.04* 0.15 0.08 -0.04 -0.28 0.00 -0.04 0.02 0.03 -0.06 0.00
Hispanic 0.05* 0.02* -0.02* -0.07* 0.00 0.00 0.00 0.02  0.04 0.01 -0.01 -0.06 0.00 0.04 0.02 0.02 0.03 0.16
Black -0.14* -0.07* 0.09* 0.16* 0.00 -0.04* -0.01 0.01  -0.10 -0.05 0.07 0.13 0.00 0.06 0.02 0.02 0.08 0.00
English 0.08* 0.00 0.05* -0.17* 0.00 -0.02* 0.04* 0.06* 0.06 0.00 0.04 -0.13 0.00 0.02 0.02 0.06 0.09 0.00
Average  # siblings -0.25* -0.07* 0.12* 0.25* -0.01  -0.01  0.03* -0.04* -0.18 -0.05 0.09 0.21 0.00 0.02 0.01 0.02 -0.01 0.01
Average # adults -0.06* 0.08* -0.01* -0.01  0.00  0.06* -0.01* -0.08* -0.04 0.06 -0.01 -0.01 0.00 0.01 0.05 0.00 -0.07 0.00
Prioor welfare exposure 
× birth cohort
   Age 12 × 1975 -0.09* -0.04* 0.05* 0.10* -0.01  -0.01* 0.01  0.00  -0.11 -0.07 -0.01 0.04 0.00 -0.04 -0.05 -0.05 -0.03 0.26
   Ages 11-12 × 1976 -0.32* -0.15* 0.14* 0.42* -0.01  -0.02* 0.01  0.00  -0.22 -0.10 0.11 0.35 0.00 0.03 0.01 0.00 0.02 0.00
   Ages 10-12 × 1977 -0.32* -0.14* 0.15* 0.40* -0.01  -0.01  0.02* -0.01  -0.22 -0.09 0.12 0.34 0.00 0.03 0.01 0.00 0.02 0.05
   Ages  9-12 × 1978 -0.33* -0.13* 0.14* 0.41* -0.03* 0.01* 0.01* -0.01  -0.23 -0.08 0.11 0.35 0.00 -0.01 0.02 -0.01 0.00 0.03
County share
of health expenditures
   Ages 9-12 -0.04* -0.02* -0.01  0.09* 0.02* -0.01* -0.03* 0.02* -0.03 -0.02 -0.01 0.07 0.00 0.04 0.01 -0.01 0.04 0.00
   Age 13 -0.04* -0.03* -0.02* 0.12* 0.02* -0.02* -0.05* 0.01  -0.05 -0.04 -0.03 0.07 0.00 0.02 -0.01 -0.04 0.00 0.00
   Age 14 -0.05* -0.03* -0.02* 0.13* 0.02* -0.01  -0.05* -0.04* -0.05 -0.04 -0.03 0.09 0.00 0.01 -0.02 -0.05 -0.05 0.00
   Age 15 -0.05* -0.03* -0.03* 0.14* 0.02* 0.00  -0.06* -0.03* -0.05 -0.04 -0.04 0.10 0.00 0.01 -0.02 -0.06 -0.05 0.00
   Age 16 -0.06* -0.03* -0.03* 0.16* 0.02* 0.00  -0.06* -0.02* -0.05 -0.03 -0.03 0.12 0.00 0.01 -0.01 -0.06 -0.03 0.00
   Age 17 -0.07* -0.04* -0.03* 0.18* 0.03* -0.01  -0.06* 0.04* -0.04 -0.02 -0.01 0.15 0.00 0.05 0.01 -0.03 0.05 0.00
Number of observations 32,802 30,760 34,066 22,010 29,797 29,281 32,324 19,183 32,802 30,760 34,066 22,010 29,797 29,281 32,324 19,183
Note: All variables have been standardized to mean 0 and standard deviation 1.
         * indicates difference of means is statistically significant at the 5% significance level. "p-val" refers to the p-value of the joint test of all means are equal.
Difference of means one treatment group                     
vs. all other treatments pooled Means for each treatment group
Unadjusted (before overlap) Inverse probability weighting Unadjusted (before overlap) Adjusted by GPS blockingTable 5. Balance in covariates before and after GPS adjustment
              Teenage mothers sample
Variable
[3,15] [16,35] [36,59] [60] [3,15] [16,35] [36,59] [60] [3,15] [16,35] [36,59] [60] p-val [3,15] [16,35] [36,59] [60] p-val
White 0.30* 0.20* -0.08* -0.32* -0.03 0.04* 0.08* -0.08* 0.26 0.15 -0.05 -0.26 0.00 -0.06 0.01 0.01 -0.07 0.00
Hispanic 0.03 0.06* -0.02* -0.06* -0.07* 0.00 0.00 0.02  0.02 0.05 -0.01 -0.05 0.00 -0.01 0.01 0.03 0.03 0.52
Black -0.22* -0.18* 0.08* 0.25* 0.06* -0.02 -0.06* 0.03* -0.19 -0.13 0.05 0.21 0.00 0.06 0.01 -0.03 0.04 0.00
English 0.01 0.01 0.02* -0.06* 0.00 0.01 0.03* -0.03  0.02 0.01 0.02 -0.04 0.00 -0.01 0.03 0.03 0.00 0.56
Average  # siblings -0.64* -0.35* 0.28* 0.42* 0.04  -0.01  0.01  0.02  -0.57 -0.27 0.15 0.34 0.00 0.02 0.02 0.06 0.01 0.01
Average # adults -0.76* -0.26* 0.31* 0.33* 0.05* 0.08* 0.01  -0.05* -0.67 -0.20 0.17 0.26 0.00 0.11 0.14 0.11 -0.01 0.00
Prioor welfare exposure 
× birth cohort
   Age 12 × 1975 -0.11* -0.09* 0.06* 0.09* -0.01  -0.02  0.02* -0.01  -0.13 -0.10 0.01 0.05 0.00 -0.01 -0.06 -0.02 -0.05 0.06
   Ages 11-12 × 1976 -0.39* -0.31* 0.17* 0.37* -0.10* -0.04* 0.04* 0.01  -0.34 -0.22 0.10 0.31 0.00 -0.13 -0.04 0.02 -0.05 0.00
   Ages 10-12 × 1977 -0.40* -0.29* 0.16* 0.36* -0.08* -0.02  0.02  0.04* -0.34 -0.21 0.10 0.30 0.00 -0.05 0.00 0.04 -0.01 0.01
   Ages  9-12 × 1978 -0.38* -0.27* 0.19* 0.27* -0.08* -0.01  0.04* 0.00  -0.33 -0.19 0.11 0.23 0.00 -0.11 0.04 0.07 -0.01 0.00
County share
of health expenditures
   Ages 9-12 0.06* 0.01  -0.05* 0.04* 0.08* -0.02  -0.06* 0.03  0.05 0.00 -0.03 0.03 0.00 0.06 -0.01 -0.03 0.01 0.04
   Age 13 0.04* -0.02  -0.06* 0.09* 0.09* -0.02  -0.06* 0.02  0.02 -0.03 -0.05 0.06 0.00 0.06 -0.03 -0.05 -0.03 0.03
   Age 14 0.02  -0.03* -0.06* 0.13* 0.07* -0.02  -0.07* -0.01  0.01 -0.03 -0.05 0.09 0.00 0.04 -0.03 -0.05 -0.07 0.04
   Age 15 0.03  -0.03* -0.08* 0.14* 0.07* -0.02  -0.09* 0.01  0.02 -0.03 -0.05 0.11 0.00 0.03 -0.04 -0.06 -0.06 0.05
   Age 16 0.03  -0.03* -0.08* 0.16* 0.08* -0.02  -0.09* 0.02  0.02 -0.03 -0.05 0.12 0.00 0.04 -0.03 -0.06 -0.05 0.02
   Age 17 0.01  -0.03* -0.08* 0.16* 0.09* 0.00  -0.10* 0.05* 0.02 -0.01 -0.04 0.14 0.00 0.11 0.00 -0.06 0.00 0.00
Number of observations 3,815 7,982 14,868 5,988 2,548 6,773 13,775 5,183 3,815 7,982 14,868 5,988 2,548 6,773 13,775 5,183
Note: All variables have been standardized to mean 0 and standard deviation 1.
         * indicates difference of means is statistically significant at the 5% significance level. "p-val" refers to the p-value of the joint test of all means are equal.
Difference of means one treatment group                     
vs. all other treatments pooled Means for each treatment group
Unadjusted (before overlap) Inverse probability weighting Unadjusted (before overlap) Adjusted by GPS blockingTable 6. Differences in months of welfare exposure ages 13-17 among sibling-pairs
Difference (montths) # sibling-pairs Percentage
No difference 3,031 24.7
1-12 months 5,197 42.3
13-24 months 2,668 21.7
25-36 months 1,028 8.4
37-48 months 282 2.3
49-60 months 67 0.6
Total 12,273 100.0
Table 7. Exposure ages 9-12 and percentage of teenage mothers
              Women born in 1978
Exposure ages 9-12 # observartions Percentage Teenage Mother
No Exposure 5,067 46.62 0.147
1-11 months 1,665 15.32 0.132
12-23 months 1,426 13.12 0.156
24-35 months 916 8.43 0.187
36-47 months 1,002 9.22 0.221
48 months 793 7.3 0.237





























































































































































Months of exposure to welfare ages 13−17
Teenage mothers sample
Figure 1
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B. After imposing overlap
Figure 2
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Months of exposure to welfare ages 13−17
IPW With Covariates
Figure 3
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Months of exposure to welfare ages 13−17
IPW With Covariates
Figure 4
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Months of exposure to welfare ages 13−17
IPW With Covariates
Figure 5
Treatment effects on any welfare use ages 19−22
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Months of exposure to welfare ages 13−17
IPW With Covariates
Figure 6
Treatment effects on months of welfare use ages 19−22

















































Months of exposure to welfare ages 13−17


















































Months of exposure to welfare ages 13−17


















































Months of exposure to welfare ages 13−17


















































Months of exposure to welfare ages 13−17
IPW With Covariates
Figure 7
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Months of exposure to welfare ages 13−17
IPW With Covariates
Figure 8
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Months of exposure to welfare ages 13−17
IPW With Covariates
Figure 9
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Months of exposure to welfare ages 13−17
IPW With Covariates
Figure 10
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Months of exposure to welfare ages 13−17
Sample: Race = Other
Figure 11
Treatment effects on any welfare use ages 19−22
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Months of exposure to welfare ages 13−17
Sample: Race = Other
Figure 12
Treatment effects on months of welfare use ages 19−22



















































































































































































Months of exposure to welfare ages 13−17
Ages 19−26
Figure 13



































































































































































































Months of exposure to welfare ages 13−17
Ages 19−26
Figure 14
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IPW With Covariates
Figure 15
Treatment effects on any welfare use ages 19−22
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IPW With Covariates
Figure 16
Treatment effects on any welfare use ages 19−22
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IPW With Covariates
Figure 17
Treatment effects on months of welfare use ages 19−22
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Figure 18
Treatment effects on months of welfare use ages 19−22
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IPW With Covariates
Figure 19
Treatment effects on any welfare use ages 19−22
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Months of exposure to welfare ages 13−17
IPW With Covariates
Figure 20
Treatment effects on months of welfare use ages 19−22
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Months of exposure to welfare ages 9−12
IPW With Covariates
Figure 21
Treatment effects on probability of becoming a teenage mother
Sample: women born in 1978